As a result of their high specific energy, high efficiency, improved environmental performance, and rapid refuelability, polymer electrolyte membrane (PEM) fuel cells are increasingly being considered as primary powerplants for unmanned aerial vehicles (UAV's). The combination of a highly constrained design space and a large amount of performance uncertainty complicates the design of fuel cell aircraft. This paper documents a method that improves the design of a fuel cell powered long-endurance (~24 hr) lowaltitude UAV by using multidisciplinary design optimization techniques to address the highly constrained design space, and systems sensitivity analysis (SSA) to estimate the performance uncertainly. The multidisciplinary analysis of the aircraft is decomposed into contributing analyses (CA's) that are structured so as to simplify experimental validation and to improve the fidelity of the SSA. The contributing analyses are coupled into a design system matrix that is iteratively solved using Newton's method to calculate aircraft performance metrics as a function of input design variables. An optimizer searches the design space to find the values of the design variables that maximize the endurance of the aircraft subject to several performance constraints. SSA is used to estimate the percentage of the overall uncertainty in the performance metrics based on the uncertainty of the contributing analyses and the uncertainty of the design input variables. Based on the SSA, CA's with significant contribution to the total performance uncertainty are selected and laboratory experiments are then conducted to obtain data used to increase the fidelity of these CA's through calibration or regression.
I. Introduction
ESIGN of advanced technology systems are most often highly constrained and exhibit large design uncertainty. Many emerging technologies can outperform conventional technologies in some performance criteria, but underperform in others. Emerging technologies often require input from multidisciplinary specialists and models. Validated, parametric models of emerging technologies suitable for conceptual and preliminary design are often not available. Experimental data are often protected or very expensive to procure. During the conceptual and preliminary design stages, these characteristics significantly compromise the designer's ability to make informed and constructive design decisions.
Fuel cell systems for aircraft propulsion are an exemplar of these design problems. Fuel cells can outperform battery technologies by the metric of electrical specific energy (Wh/kg), but underperform by the metric of electrical D specific power (W/kg). This characteristic leads to fuel cell aircraft that are performance constrained in terms of climb rates, payload capability, takeoff distance and propulsion limited bank angle. Development of even simple models of fuel cell systems requires specialists in electrochemistry, heat transfer, mechatronics, controls, etc. High fidelity parametric models of fuel cells, hydrogen tanks, and balance of plant components that are suitable for conceptual design are simply not available. Fuel cell performance data for validation are most often collected under controlled laboratory operating conditions that vary greatly from what can be expected for systems more applicable to aircraft. These design problems have limited the success and applicability of the few fuel cell powered aircraft that have been proposed and constructed. This paper proposes a methodology for the systematic reduction of design uncertainty during the conceptual and preliminary design process. This method proposes a new means and justification for decomposition of a multidisciplinary design problem into contributing analyses (CA's). In this effort the decomposition of the design problem is structured so that the contributing analyses mimic the data input and output of model validation experiments. If necessary, experimental data can then be used to estimate the uncertainty of the contributing analysis and can also be used for calibration to improve the fidelity of the contributing analysis. It is also suggested that the multidisciplinary analysis be decomposed to a degree where all outputs of an individual contributing analysis are independent. This reduces the impact of higher order interactions that are not captured in the underlying assumptions of system sensitivity analysis (SSA) and allows for a better estimation of uncertainty. SSA is used to quantify the uncertainty results from uncertainties of the underlying contributing analyses as well as uncertainties in the design variables. Improved fidelity models and validation data is used to incrementally reduce the design uncertainty until an acceptable design point is reached. The impact of uncertainty on the design is traced through the steps of a fuel cell aircraft example design problem. The aircraft performance at the final design point is validated using hardware in the loop testing.
II. Technical Approach

A. Problem Definition
The problem that is addressed in this study is the canonical multidisciplinary design and optimization (MDO) problem shown in Figure 1 . The design point is specified by a number of design variables that are inputs to a multidisciplinary analysis (MDA) which is capable of analyzing the complex system at the system level. The MDA is decomposed into disciplinary CA's that are linked together in the form of a design system matrix (DSM). The CA's can be thought of as "black boxes" that perform a given analysis while the DSM structures how information flows between each of the CA's. The DSM effectively forms a system of coupled compatibility equations that assure that all values of the CA variables are compatible. The compatibility equations may be solved by various methods but are typically well suited for iterative schemes such as Newton's method. The performance of the aircraft design is improved by embedding the DSM inside of an optimization routine, which varies input design variables to minimize a cost function (OEC).
Figure 1. Canonical multidisciplinary design and optimization problem structure
In general, there are two main sources of uncertainty that lead to uncertainty in the calculation of performance metrics: uncertainty present in the design variables and uncertainty due to the CA's. The design variables contribute to overall uncertainty because they represent design characteristics that cannot be determined to infinite accuracy. For instance, aircraft wing area is a design variable that is subject to variability due to manufacturing tolerances. The CA's contain two primary sources of uncertainty. First, CA's typically involve simplifications and assumptions that result in imperfect models of the design performance. In general, the CA's are parameterized low fidelity approximations that must compromise accuracy for computational efficiency. For instance, the fuel cell polarization model may not incorporate enough variables to model the fuel cell under all operating conditions. The discrepancies between the model and the actual system performance can be represented as uncertainty in the output of the CA. The second source of uncertainty results from that fact that computer models are deterministic and often cannot accurately capture stochastic variation in the performance of the component. For instance, the performance of fuel cell systems includes a statistical performance variability due to pressure, temperature and humidity changes along the flow fields of the stack [1] . In some cases, numerical noise can also be a source adding to the uncertainty but for most cases, numerical noise is several orders of magnitude smaller than other uncertainty sources.
The internal state feedforwards and feedbacks in the DSM have the effect of either nonlinearly increasing or decreasing the uncertainty in the converged design performance.
B. Uncertainty Propagation using System Sensitivity Analysis
The propagation of uncertainty through the multidisciplinary analysis is the subject of numerous studies in the context of design for robustness [2] [3] [4] [5] [6] [7] [8] [9] . In the simplest case, uncertainty can be propagated through a multidisciplinary analysis using Monte Carlo techniques. Using Monte Carlo, the design variables and CA's can be assigned an uncertainty component from specified uncertainty distributions. By repeating this process many times, the statistical distribution of the design point can be approximated. The primary disadvantages of Monte Carlo are its high computational cost and the lack of transparency in determining how the total performance uncertainty is related to the uncertainties of the design variable inputs and CA uncertainties. Multidisciplinary analyses for real world problems are nearly always large scale and computationally constrained. Monte Carlo analysis can add orders of magnitude to the computational cost of reaching an error bounded solution.
A more practical approach for uncertainty propagation in systems design is via system sensitivity analysis (SSA). The general formulation for the propagation of uncertainty using SSA is summarized in separate works by Gu et al. [2] and McDonald [4] . Gu defines propagated uncertainty as a simple finite deviation ∆y where y is a state variable vector output of the analysis. Gu also defines the bias errors of the CA's and the precision errors of the input variables as like deviations from their corresponding actual values. McDonald uses a similar formulation to generate an estimate for indeterminate error which is defined as a standard deviation of error. In this paper, McDonald's formulation for indeterminate error is used to define the propagated uncertainty of the solution. However, the notation is more closely related to the presentation by Gu. As described by Gu, a CA number 1 is represented by the following notation:
where y is the vector output of the CA, T represent a simulation tool vector, and x is a vector of the design variables. Defining the superscript "true" to represent an exact output such as obtained with a controlled experiment, Eq (1) can be related to an standard deviation term σT 1 describing the uncertainty of T with exact (certain) inputs.
Typically, controlled experiments with tight tolerances on the variation of the inputs would allow a designer to estimate σT for a given CA.
In multidisciplinary analysis, T is dependent on various inputs y that are calculated by other CA's. Since these CA's often also contain their own uncertainty in calculating y, the actual output y true will vary from the calculated value of y with propagated uncertainty σy according to Eq (3). Calculating the propagated uncertainty is accomplished using SSA. Sobieszczanski-Sobieski defines a global sensitivity equation, Eq (4) , that is the basis of SSA [6] [7] [8] [9] . The Local Sensitivity Matrix (LSM) shown in Eq. (4) is a matrix of partial derivatives of each CA with respect to all other CA's in the multidisciplinary analysis. The Local Sensitivity Vector (LSV) contains the partial derivatives of all of the CA's with respect to the design variables. SSA approximates the Global Sensitivity Vector (GSV) which contains the total derivatives of the CA's with respect to the design variables, according to Eq. (4) .
Using SSA, McDonald shows that the total propagated uncertainty can be estimated by Eq. (5) ( ) 
where the square of the inverse of the LSM is performed on a term-by-term basis and σx represents the uncertainty in the input variable x. Note that for Eqs (4) and (5), n is the number of CA's and m is the number of input design variables. Equation (5) essentially states that the total propagated variance is a pythagorean sum of all of the components of variance. By using individual terms of the LSM, the contributions to total propagated variance can be individually calculated. However, it is typically easier for people to understand uncertainty in terms of standard deviation rather than variance. McDonald suggests Eq. (6) as a valuable way to determine these contributions of uncertainty. Note that in Eq. (6), σ can represent either a propagated contribution of uncertainty due a specific CA or the propagated uncertainty due to uncertainty of the inputs. 
C. Design System Matrix Decomposition for Validation
In order to calculate the uncertainties of the CA's, we must have some estimate. Typically the estimate comes from controlled experimental validation. However, to make a proper estimate that is useful for SSA, information must flow in terms of inputs and outputs through the CA just as it does in the controlled experiment. By decomposing the problem so that the CA's input and output structure is similar to the input and output structure of controlled experiments makes replacing the CA with a regression or calibrated model based on experiment much simpler. Although this may seem straightforward, many CA formulations are actually based on computational efficiency and may not have the same structure of information flow as experiments used to estimate uncertainty.
In the problem as presented in Figure 1 , the design system matrix is decomposed into a few high-level CA's. Tools are available to further decompose the DSM to minimize feedback and reduce the computational cost of converging the DSM to a design point [10] . The problem is that when the uncertainty associated with a CA must be measured and tracked, the DSM must be decomposed so that information can be passed and uncertainty can be propagated using the same inputs and outputs as the experiment. The structure of the problem as presented in Figure  1 does not intrinsically allow for the replacement of the CA with a tool with lower uncertainty or experimental data with lower uncertainty.
As an example of a CA where uncertainty is present in the system, let us consider a multidisciplinary model of a propeller driven aircraft. This very simple model contains two CAs: Propeller Performance CA and Aircraft Performance CA. The Propeller Performance CA contains one equation (7) that describes the relationship between freestream velocity (V), thrust (T), and propeller rotational speed (ω).
This relationship can be structured in two different ways, depending on the inputs and outputs desired:
The Aircraft Performance CA contains the single equation given in Eq. (10).
Assuming that we use the Aircraft Performance CA to calculate conditions for steady level flight, Eq. (10) can be simplified as:
which can be arranged so that
For a single input, single output system, the DSM can be constructed in two different ways, shown in Figure 2 (a) and (b). In Figure 2 (a), the DSM is constructed so that the input to the Aircraft Performance CA is T and the output is ω. Because this allows the DSM to be structured without feedback of CA output variables, the solution of the design problem can proceed in a computationally efficient manner without iteration. The problem is that if the Propeller Performance CA is known to have some uncertainty associated with its mathematical models, then that uncertainty is difficult to represent in the DSM as shown in Figure 2 (a). A schematic of the information flow in a prototypical validation experiment is shown in Figure 2 (c). In this experiment, a propeller is placed into a wind tunnel and the performance of the propeller is measured. Deterministic values of ω and V are the inputs to the validation experiment and a statistical distribution of T is the output. In order for the uncertainty that is associated with the experimental validation data to be incorporated into the Propeller Performance CA, the Propeller Performance CA must have the same inputs and outputs as the validation experiment. This leads to the DSM that is shown in Figure 2 (b). In this case the DSM must incorporate feedbacks, compromising its computational efficiency. The alternative, of course is to design a much more unconventional and costly validation experiment where the propeller thrust (T) and freestream velocity (V) are held constant and the propeller rotational speed (ω) is measured for its statistical distribution.
Figure 2. Comparison of DSM structures for computational efficiency and for experimental validation
For design problems where CA uncertainty is of interest, the DSM must be constructed to allow uncertainty data to be represented in the same way that it is gathered. For design problems where higher fidelity CA's are available, the low fidelity CA's must be structured to emulate the data and uncertainty flow of the higher fidelity analyses. This hierarchy is based on the assumption that higher fidelity analyses, including experiments, are generally more costly and less structurally flexible.
D. Degree of Decomposition
When using SSA, the degree to which the design problem is decomposed has significance. In many multidisciplinary designs, the analysis is decomposed into CA's by discipline and many CA's will return a vector of outputs that are not independently calculated. For example, a typical Propeller Performance CA might have the propeller geometry, rotational speed, and airspeed as inputs and might calculate the generated thrust and power as outputs. In this case, the Propeller Performance CA would likely first calculate the thrust and then simply calculate the available power as the thrust multiplied by the airspeed. In this case, the LSM will not capture the effect that available power is a function of available thrust since they are both outputs of the same CA, and thus no proper partial derivative will be calculated. However, the LSV will change since available power is still a function of the input variables to available thrust and the resulting GSV will be correct. Despite this, when Eq. (5) is calculated, the estimated propagated uncertainty will change since the formulation of Eq. (5) will allow the uncertainty in available power to only be due to the propagated uncertainty in the inputs to the propeller CA and will not capture any uncertainty that may exist in the Propeller Performance CA's ability to model available thrust. In this case, the better formulation is to decompose the propeller CA into two separate routines. The first could calculate available thrust, and the second CA could calculate available power as a function of available thrust. In this case, the SSA could correctly propagate any uncertainty in the thrust calculation into the available power.
E. Summary
In this section we have presented a method for propagating uncertainty through a multidisciplinary analysis. This method enables the assessment of the sources of uncertainty in a design calculation and allows for the systematic replacement of high uncertainty CA's with lower uncertainty models or experimentally validated datasets. Decomposition of the DSM into its CA's must be guided by the requirements to:
• make the CA's as fundamental as is possible so as to improve the accuracy of the SSA-based uncertainty propagation routines • reduce signal feedback and improve DSM hierarchy so as to improve the computational efficiency of the design calculation • invoke compatibility constraints so as to improve the computational efficiency of the design calculation • structure CA's so that they can be replaced by models or experimental data with associated uncertainty information.
III. Test Case: Design of a Fuel Cell UAV A. Test Case Description
The design of a fuel cell powered UAV will be used as a test case to illustrate the efficacy of the proposed methodology. The design is limited in scope to aircraft that are small scale (<25kg GTOW), and use a conventional monoplane configuration, polymer electrolyte membrane fuel cells, compressed hydrogen storage, and propeller propulsion. This scope allowed previous research performed on fuel cell UAVs at the Georgia Institute of Technology to be used in the design for better estimating the uncertainty of the CA's and design variables for the initial iterations of the proposed design method. Many of the CA's and much of the design algorithm is based on previous fuel cell UAV design work available in references [11] and [12] . An overview of the design process along with a discussion on some of the key CA's will be presented in this paper, however, many of the details available in the references will not be repeated.
The basic aircraft is a low straight wing monoplane with a wing planform and tail design based on the Georgia Tech fuel cell demonstrator aircraft successfully flown in 2006 [13] [14] . Since detailed data including flight test results were available for this aircraft, it allowed for calibrated CA's dealing with aerodynamics, structures, and weight calculations to be used. The primary difference in the design is in the propulsion system. The propulsion system modeled in this analysis is based on the H-100, H-200, and H-300 convectively cooled PEM fuel cell stacks that were recently commercialized by Horizon Fuel Cells [24] in contrast to the liquid cooled fuel stack used in the Georgia Tech demonstrator aircraft.
The design algorithm is made up of parametric mathematical models of the performance, weight, and geometry of the primary aircraft sub-systems including: hydrogen storage, fuel cell, fuel cell balance of plant, electric motor, propeller, fuselage, and aerodynamics. Models of the structure of the primary stressed components including tail boom, wing spar and hydrogen tank are used to scale structure weight with loading. The performance of the aircraft including calculation of the maximum climb rate is assessed at cruise during each design iteration. The design variables are based mainly on the propulsion system and are given in Table 1 . The only non-propulsion based design variable is the wing area which is used to geometrically scale the same wing planform as used in the Georgia Tech demonstrator UAV. The design objective of this test case is a fuel cell powered UAV of small scale that exhibits >24 hour endurance in steady level flight. Since the fuel cells considered limit the maximum available fuel cell power to around 300W, the size of the aircraft is naturally limited. As a result, the objective function in the optimization process is based entirely on maximizing the endurance of the aircraft.
The design is subject to a number of performance and physical constraints. Most of these constraints are forced to be satisfied in the CA's, however a few apply to the overall design and were thus part of the optimization scheme (see Eqs. (13) through (15)). In addition, the side constraints applying to the design variables (see Table 1 ) also constrain the design space. The overall optimization problem is summarized in Eqs. (12) 
B. Contributing Analyses
The design algorithm is decomposed into 45 CA's. Between the 45 CA's, 108 variable values are calculated and many of these variables are shared by multiple routines. In addition, 28 input values are also used by the CA's although only 9 of these 28 are actually design variables. Because of space limitations, not all of the CA's and their sources of uncertainty will be described in detail. Instead, some CA's will be described so as to communicate the level of detail present in the conceptual design.
Hydrogen Tank Mass and Dimensions Contributing Analysis
For this study, hydrogen is stored on board the aircraft as compressed hydrogen gas within a compositeoverwrapped, aluminum-lined cylinder. The hydrogen storage system model provides a low-fidelity, conceptual design of the hydrogen tank using empirical data and simple mechanics of materials methods. Considerations such as fatigue life, shape optimization, winding schemes, etc., are not considered.
The hydrogen tank is of cylindrical geometry with hemispherical end caps. The tank is subjected only to loading due to the uniform pressure difference between the internal hydrogen pressure and the external atmospheric pressure. The aluminum tank liner is assumed to be of constant thickness (t liner ) and does not contribute to the strength of the tank, but does contribute to its weight. In general, composite hydrogen tanks require metallic or polymeric liners to reduce the hydrogen leak rate [15] . The thickness of the composite overwrap is specified to resist the hoop stress and the axial stress due to the pressure loads. The total composite thickness is equal to:
The composite thickness is assumed to be constant over the surface of the tank. The total tank mass is calculated using the formula: A summary of the design variables, CA outputs and relevant constants are provided in Table 2, Table 3 and  Table 4 . The uncertainty listed in Table 2 represents the uncertainty that is present in the design variables. The uncertainty listed in Table 2 represents the uncertainty that is present in the CA outputs due to both modeling errors and product variability. The uncertainties in the CA outputs are primarily due to error in the model, variability in the dimensions of the tanks as manufactured is approximately 0.6% and variability in tank mass is 2.1%. Figure 3 shows the comparison between the predicted CA outputs and the actual hydrogen tank characteristics as provided by a commercial composite overwrapped cylinder manufacturer [21] . 
Propeller Coefficient Contributing Analysis
The fuel cell UAV is propelled by an electric motor driven propeller of fixed pitch. Goldstein's vortex theory of screw propellers using the Betz condition provides a parametric model of the propeller performance as a function of the propeller design variables: propeller pitch (p) and propeller diameter (d). This propeller model assumes that the propeller is stiff, of a uniform airfoil shape, low Mach number, and two-bladed.
The vortex theory of screw propellers is based on a lifting line approximation of the surface of the propeller. This implies that the propeller is approximated by a lifting surface about which there is bound circulation. The circulation is associated with vorticity bound to the propeller and free vorticity that is continuously shed from the propeller in the form of a helical sheet. Propeller performance coefficients can be calculated by iteratively solving for the angle of the induced flow on each propeller section according to the methods detailed in [22] .
The outputs of the propeller coefficient CA are the dimensionless thrust (C T ) and power coefficients (C P ): Table 6 and Table 7 show the design variable inputs, CA inputs and outputs from the propeller coefficient CA. The uncertainty associated with the outputs of the CA is calculated based on comparisons between the calculated performance and actual wind-tunnel performance of three propellers. Aleatory uncertainty is assumed to be 0% because, for instance. the effect of manufacturing variability in terms of the values of the CA output variables is negligible [23] . An actual versus predicted comparison for propeller coefficient CA is shown in Figure  4 . The errors in the CA are modeled as an epistemic uncertainty. 
Hydrogen Flow Rate Contributing Analysis
The flow rate of hydrogen that is consumed by the fuel cell is calculated using the electrochemical equivalence between the hydrogen flow rate and the fuel cell current. The inputs to the Hydrogen Flow Rate CA are the design variables number of fuel cells in the stack ( cells n ) and hydrogen utilization ( util η ) and the CA input fuel cell current (I). By Faraday's Law, the hydrogen flow rate: Table 9 and Table 10 show the design variables, CA inputs, and contributing analysis outputs from the hydrogen flow rate contributing analysis. Uncertainty in the hydrogen flow rate output from the CA is calculated from comparison to fuel cell hardware. The uncertainty in the CA is due to both aleatory and epistemic uncertainty. The aleatory uncertainty in the experimentally measured moment to moment hydrogen flow rate is 1.4% and the epistemic error in the model is 5.3%. The total uncertainty is calculated as the Pythagorean sum of the component errors. It is notable that the Hydrogen Flow Rate CA under-predicts the hydrogen flow rate, perhaps because it does not include effects such as leaks, and hydrogen crossover. Figure 6 . The problem contains 108 CA variables and 28 design variables. The DSM is primarily upper triagonal, with only a few feedback signals. For solution purposes, the feedback loops are eliminated by defining compatibility constraints and introducing guess design variables. A converged solution of the DSM for a given design variable input vector x is then found using Newton's method. 
IV. Design Process
As occurs in many conceptual designs, there are large sources of uncertainty in the design analysis. The design of the fuel cell UAV is initially dominated by uncertainty in the design point. For this study, the goal of the design process is to choose CA's for validation that can reduce the uncertainty of the design point at low cost, while still achieving design objectives.
At each point in the design process, the design of the fuel cell powered aircraft is deterministically optimized for endurance within the design constraints. The uncertainty analysis is then performed and the sources of uncertainty in the design are analyzed. Based on the results of the uncertainty analysis, a component of the analysis is chosen for the design, purchased, tested and an experimentally validated model is constructed. Although the accuracy of the design is improved, the scalability of the CA is often lost. The design of the fuel cell powered aircraft is then again deterministically optimized for endurance within the design constraints with the new CA integrated into the DSM. The process is repeated in order to design an experimentally validated powertrain for a long-endurance fuel cell airplane.
A. Conceptual Design
In the first step of conceptual design, three sizes (100W, 200W and 300W) of portable fuel cells were screened for effectiveness. The fuel cell models represent the specified performance of commercially available portable fuel cell stacks [24] . For each stack, the design of the fuel cell powered aircraft is deterministically optimized for endurance within the design constraints. The results showed that the 300W fuel cell stack is capable of greater endurance than the other fuel cell stacks, while still meeting the performance constraints. This result was expected as the 300W system showed the best overall specific power of the three fuel cells.
The 300 W fuel cell stack was chosen, its manufacturer specified performance was modeled as a CA and the design process continued. A SSA was performed at the deterministically optimum design point for the 300 W fuel cell stack. The results are shown in Figure 7 and Table 11 . The contributing analyses (CA's) and design variables (DV's) that contribute the first 90% of the design metric uncertainty are listed. The remaining 10% of design metric uncertainty from all other CA's and DV's is grouped under Remaining Sources. As might be expected of a conceptual design, the total uncertainty associated with the design metrics is very high. The design cruise endurance of the aircraft at conceptual design is 20.7±8.6 hrs and the design climb rate is 74.9±21.9 m/min. The two largest sources of uncertainty in both the cruise endurance and the climb rate are the motor CA (Motor Current CA) and the fuel cell CA's (BOP Power CA, FC Polarization CA).
A decision was made based on these results to purchase and test the 300W fuel cell stack in order to move towards detail design and reduce the design uncertainty. 
B. Design with Experimentally Validated Fuel Cell Model
Experimental laboratory testing of the 300 W fuel cell stack allowed for a significant reduction in the uncertainty from the fuel cell related CA's. Uncertainty in the calculation of fuel cell voltage at cruise went from ±18% to ±1.8%. Uncertainty in the calculation of fuel cell balance of plant power went from ±81% to ±1%. Figure 8 shows the initial fuel cell polarization model as well as the higher-fidelity model constructed from the test data.
With the new fuel cell data, the design of the fuel cell powered aircraft was deterministically optimized for endurance within the design constraints. The design cruise endurance of the aircraft at this point is 15.8±4.9 hrs and the design climb rate is 73.1±15.6 m/min (see Table 12 ).
A SSA was performed at the optimum design point for the fuel cell stack with experimental data. The results are shown in Figure 9 . The reduction in uncertainty that comes with the validated fuel cell model reduces the uncertainty in the design metrics at the optimal design point. The reduction in error from the new fuel cell model reduces the performance of the aircraft from a deterministic value of 20.7 hrs to 15.8 hrs. The deterministic climb rate of the aircraft is virtually unchanged because it is treated as a constraint by the optimizer. 
C. Design with Experimentally Validated Electric Motor Model
Based on these results, an electric motor was chosen that has the same characteristics as the optimal motor for this design point. The electric motor was chosen from the catalogue of a small brushless motor manufacturer [25] . The motor was tested over its range using a laboratory electric motor dynamometer. The results were fit using a 3 hidden node, multilayer perceptron neural network. The root mean squared error between the neural network metamodel and 126 experimental tests was 2.5%. This represented a significant reduction in the error associated with the scalable electric motor model, especially at low torque (see Figure 10) .
With the new electric motor model, the design of the fuel cell powered aircraft was deterministically optimized for endurance within the design constraints. The design cruise endurance of the aircraft at this point improved to 20.7±2.7 hrs and the design climb rate is 74.8±23.7 m/min (see Table 13) A SSA was performed at the optimum design point and the results are shown in Figure 11 . Most notably, the uncertainty regarding the cruise endurance has been reduced by the introduction of the high fidelity electric motor model. The primary sources of uncertainty in the design model at this design point are the propeller model (Propeller Coeff. CA's) and the hydrogen tank CA's (H2 Tank Dimension CA and H2 Tank Mass CA). The decision was made to finalize the hydrogen tank so as to finalize the conceptual design. 
D. Final Conceptual Design Point
A hydrogen tank (Carleton Technologies PN6109) was chosen from its manufacturer's specifications so as to be as close in size, capacity and weight to the optimal tank as chosen by the optimizer. The remaining uncertainty in the hydrogen tank dimensions (0.6%) and weight (2.1%) are due to manufacturing variability. With the new hydrogen tank model, the design of the fuel cell powered aircraft was deterministically optimized for endurance within the design constraints. The design cruise endurance of the aircraft at this point improved to 22.5±2.1 hrs and the design climb rate is 72.6±15.3 m/min (see Table 14 ).
Validation of this final point in the conceptual design was performed using a benchtop hardware in the loop simulator. The physical, assembled fuel cell UAV powertrain including the fuel cell, balance of plant, and electric motor are tested at the cruise condition derived from the conceptual design exercise. This experiment assumes that the rest of the aircraft performs at its deterministically optimized condition. The cruise endurance of the fuel cell UAV as bench tested is 23.2±1.2 hrs, including a standard deviation of experimental uncertainty. The bench test show that the fuel cell UAV design as implemented is within the experimental uncertainty of the 24 hour cruise endurance design goal. Motor Io DV 0% Figure 12 Uncertainty results for design with a hydrogen tank model for (a) aircraft cruise endurance design metric and (b) maximum climb rate design metric Figure 13 shows how both the endurance (left) and the climb rate (right) change per iteration of the design optimizer. The cruise endurance actually decreases as the high fidelity fuel cell system model is introduced but then increases for the later method iterations. Note that for endurance, the uncertainty bounds shrink as high fidelity analyses are introduced. Figure 13 also shows climb rate data for each iteration. The mean value of climb rate is steady since the climb rate constraint is active. However, the uncertainty actually decreases and then increases since the addition of the high fidelity fuel cell analysis drove the optimizer to another minima in the design space. However, the final uncertainty is an improvement over the initial uncertainty. By improving the fidelity of the CA's directly effecting the climb rate calculation, the uncertainty could be further reduced. 
V. Conclusions
This paper has presented a method for structuring MDO problems so as to allow for accurate characterization of design uncertainty and to allow for sequential validation of component contributing analyses. Implementing these MDO techniques with SSA improved the design of a fuel cell UAV by allowing the designers to select areas in which to improve fidelity of the analysis through experimental validation.
Implementing the MDO process with SSA repeatedly allowed a new, lower uncertainty optimum to be derived based on the higher fidelity design tools. Based on this optimum, new validation data sets were gathered and the fidelity of the design tool was sequentially improved. The main disadvantage with this approach was that many of the experiments could not be used to make the high fidelity model scalable. Thus, with each introduction of a high fidelity model, a certain degree of design freedom is sacrificed to achieve a more certain design result. However, since success can only be measured if the aircraft meets its own performance constraints, in many cases sacrificing design freedom to reduce the design uncertainty is beneficial.
For the design example of a fuel cell UAV, a large scale design problem was solved to illustrate the characteristics of the coupled MDO/SSA technique with validated component models. Through successive design decisions, the uncertainty associated with the design of the aircraft was reduced by experimentally validating the component CA's. The experimentally validated performance of the fuel cell powerplant and powertrain in the final conceptual design stage is within experimental uncertainty of the design goal of a 24 hour cruise endurance.
